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ABSTRACT: Coping with the resilience of infrastructure systems is important in order to be prepared
for disruptive events such as natural hazards. It is essential to understand how and in what order
damaged infrastructure objects should be restored so that they can provide adequate service again.
Infrastructure managers making such decisions must also take into account other constraints such as
available funds, personnel, available resources, and any external constraints, e.g. which objects on which
roads should have priority. In this work, a mathematical optimization model was used to determine such
a restoration program, by minimizing the direct and indirect costs of the event, considering constraints
such as budget, resource and traffic flow. With this approach, a restoration programme for a real road
network in Switzerland after the occurrence of an extreme flood event is investigated.
INTRODUCTION
The primary objective of infrastructure managers
is to ensure that their transportation infrastructure
provides adequate service. This means that they
have the continuous task of executing interventions
to help prevent the loss of service and to restore ser-
vice after it is lost, which can happen, for example,
due to natural hazards such as floods, landslides,
and earthquakes. In other words, they have the con-
tinuous task of making the infrastructure resilient.
As natural hazards can result in substantial nega-
tive economic and societal consequences, a signif-
icant portion of the resilience of infrastructure can
be attributed to how infrastructure managers restore
service once it is lost.
Finding optimal restoration strategies requires
consideration of both direct costs, which are as-
sociated with the execution of interventions, such
as cleaning-up, reparation, rehabilitation or recon-
struction, and indirect costs, which include addi-
tional travel time costs, additional vehicle operat-
ing costs and additional accident costs caused by
changes in the traffic flow while the restoration in-
terventions are being executed. It also requires in-
vestigating the effect on the restoration of service
of constraints, such as money available, personnel
available, and resources available, as well as any
external restrictions as to which objects on which
roads should have priority.
An example of the effect of these constraints on
the ability to restore service following natural haz-
ards is presented in this work. The investigation
is focused on the restoration of the real world net-
work in the Chur region of Switzerland following
the occurrence of heavy rainfalls of different inten-
sities that lead to flooding. The restoration model
used is based on the one presented in Hackl et al.
(2018a). To give a complete picture of the effect
of the constraints, simulations of network perfor-
mance were done assuming different states of the
infrastructure objects when the natural hazards oc-
cur, and different traffic configurations used during
the restoration of the network. The effects on the
restoration of service of each of the constraints are
shown, as well as indications as to how to better
develop risk-reducing intervention programs.
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METHODOLOGY
Considering that severe disruption to infrastructure
services result in potentially high costs, the quick
restoration of damaged infrastructure following a
natural hazard event is critical. Hence infrastructure
managers have the challenging task to determine
optimal restoration programs, i.e. the optimal plans
of how, and the order in which, the damaged infras-
tructure objects will be restored so that they provide
adequate levels of service, taking into consideration
the possible improvements in service, the costs, and
the limited available budget and resources. In math-
ematical terms, such a problem can be described as
the following optimization problem (Hackl et al.,
2018a):
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fod(P) = dod ∀od ∈V H (1f)
fod(P)≥ 0 P ∈P
s\g
od , ∀od ∈V
H (1g)
The objective of the mathematical model is to
find a restoration program that minimizes the sum
of costs (Eq.(1a)), considering the direct costs (C)
and the indirect costs due to temporal prolongation
of travel (Π) and loss in connectivity (Λ).
Here, direct costs are intervention costs, i.e., the
costs of restoring objects to states where they func-
tion again as intended. For each object (e.g. road
section, bridge) with reduced functionality n∈N s,
a (finite) set of possible interventions I (n|s) is as-
signed. Only one of these can be selected at a time
t ∈ T to restore functionality of n. This is indicated
by the binary decision variable δn,i,t , which has a
value of 1 if intervention i ∈I (n|s) is executed on
object n in state s, initiated at period t and 0 oth-
erwise. In the case of prolongation of travel, indi-
rect costs are principally caused by such things as
additional travel time, additional vehicle operating
costs and additional accidents. While in the case
of a loss in connectivity, indirect costs are princi-
pally due to the loss of economic activity that oc-
curs while travel is not possible. The magnitude
of each depends on the network design, the traffic
flow, and the considered interventions. A complete
list of both types of indirect costs can be found in
Adey et al. (2012). The indirect costs due to tem-
poral prolongation of travel are measured as the dif-
ference between indirect costs at t and the indirect
costs at t = 0 (i.e., Π0) when the network was fully
functional. The cost function Π dependent on the
link traffic flow xe,t on edge e in period t, which is
influenced by the restoration decisions made (δn,i,t).
Since temporal prolongation only occurs when traf-
fic flow is possible, Ps\god ⊆Pod refers to the set
of od-paths where at least some flow is still pos-
sible, while Pgod ⊆ Puv refers to the set of od-
paths where no flow is possible. If now the flow
is only observed when the subnetwork is discon-
nected from the main road network. In this case,
it is assumed that travelers cannot make their trips,
causing costs of Λ as long not a minimum of service
is restored.
Since the quantification of indirect costs is a non-
trivial task, and there are high levels of uncertainty
associated with the estimated values, a weighting
factor γ is used to allow a relative weighting be-
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tween both costs; i.e., decision makers can decide
to which extent indirect costs will affect the deter-
mination of the optimal restoration program.
The accompanying constraints of Eq. (1a) are
continuity constraints, budget constraints, and re-
source constraints. The continuity constraints
Eq. (1b) force the model to select only one interven-
tion per object, which is executed in a one-time in-
terval, throughout the investigated time period. The
budget constraint Eq. (1c) forces the model to se-
lect no more interventions than for which funding is
available, i.e., the total cost of all interventions can-
not exceed Ω for the investigated time period t. The
resource constraint Eq. (1d) forces the model to se-
lect no more resources than available in a time inter-
val t, i.e., the number of resources k in time interval
t, needed for the interventions, cannot exceed Ψk,t .
Other constraints for the direct costs could be added
if desired; for example, time constraints, accessi-
bility constraints, or maximum or minimum work-
zone constraints (Hajdin and Adey, 2006; Lethanh
et al., 2018).
As the indirect costs depend on the traffic flows
and they change according to the restoration strat-
egy, the traffic assignment has to be taken into
account in the optimization problem Adey et al.
(2014). Using simple approaches such as a user
equilibrium assignment, the traffic problem can be
treated as a convex optimization problem (Beck-
mann et al., 1959) leading to a bilevel optimiza-
tion problem. Thereby, the link traffic flow xe,t is
estimated, by solving the user equilibrium assign-
ment, Eq. (1e) subjected to Eqs. (1f) and (1g). The
costs of travel on each edge change with the flow
and, therefore, the costs of travel on several of the
network paths change as the edge flow changes. A
stable state is reached only when no traveler can
reduce his costs of travel by unilaterally changing
routes Sheffi (1985).
The lower-level optimisation Eq. (1e) for the user
equilibrium assignment, corresponds to the sum
of the integrals of the travel cost function CTe for
all edges e in the network. The demand con-
straint Eq. (1f), stating that the flow on all od-
pairs has to equal the demand dod ≥ 0 for all od ∈
V H . The non-negativity constraints Eq. (1g) are re-
quired to ensure that the solution of the program
will be physically meaningful. Eq. (1e) is for-
mulated in terms of edge flows, whereas the con-
straints are formulated in terms of path flows. xe =
∑od∈V H ∑P∈Ps\god
e∈P
fod(P) expresses the relationship
between edge and path flow, and incorporates the
network design into the optimisation problem.
NOTE: Substantial research has been carried out
on this traffic assignment problem and its exten-
sion to more practical approaches, including the
representation of dynamic traffic phenomena such
as queues, spillbacks, wave propagation, capacity
drops and so on. In this work, this simplified ap-
proach was used due to the universality of the prob-
lem and its simple mathematical handling. In ad-
dition, the simple and commonly used Frank-Wolfe
algorithm was used to solve the optimization prob-
lem (Chen et al., 2002). However, this does not af-
fect the applicability of the proposed method, as it
can be applied independently of the problem. An
overview of more detailed traffic assignment meth-
ods can be found in Nagurney (2007); de Dios Or-
tuozar and Willumsen (2011); Hoogendoorn and
Knoop (2012); Patriksson (2015). Furthermore, A
similar approach can be used for other transporta-
tion networks such as power grids, utility networks,
or communication networks.
While there are solution strategies for solving
the upper-level and lower-level optimization sep-
arately, classical methods fail to solve this mul-
tilevel optimization model exactly. This is due
to the computational complexity, including non-
linearity, non-convexity, and non-differentiability
of the combined problem. Furthermore, the upper-
level optimization can be classified as a combina-
torial optimization, where the optimal restoration
program comes from a finite set of restoration pro-
gram, i.e., the combinations of different interven-
tions in time are finite. In many such problems,
an exhaustive search is not feasible, but heuristic
procedures can provide a way of computing near-
optimal solutions. In this work, a simulated anneal-
ing (SA) based metaheuristic procedure is used to
approximate an optimal solution of the upper-level
optimization. The lower-level optimization is em-
bedded in the SA but solved with classical methods.
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Figure 1: Area of interest
APPLICATION
The application presented in this section is used
to demonstrate the usefulness of the methodology
considering a specific problem. The application
shows the design and implementation of a restora-
tion program focused on estimating the resilience
related to a road network in the Canton of Grisons
in Switzerland. This area was suspected to have
an unacceptable level of road network-related risk
due to riverine floods. Historical records and pre-
vious studies suggested that the heavy rainfalls in
this area have the potential to result in severe flood
events. The road network in the area of study,
which is considered to play an essential role in the
economy of the eastern part of Switzerland, con-
sists of circa 51 km national roads, 165 km main
roads, and 395 km minor roads, with many of these
objects exposed to the hazards of interest. The ex-
ample network consists of 2153 objects which in-
clude 2037 road sections and 116 bridges, as shown
in Figure 1. A detailed description of the area in the
context of the example can be found in Hackl et al.
(2016).
The trips in the region were considered to start
and end in the 37 zones based on judicial districts
as shown in Figure 1. All trips made from an origin
to a destination during a particular time period are
stored in a so-called OD matrix. Since not enough
trip distribution information was available for the
area of interest, a gravity distribution model (de
Dios Ortuozar and Willumsen, 2011) was used to
estimate the trips based on the population of zones.
The obtained gravity model was calibrated based
on the Swiss national traffic model (FOSD, 2015),
which provides data for the motorway and main
roads.
Functional losses due to local scour at bridge
piers, and inundation of road sections caused by an
extreme flood event was considered. The states of
the objects were derived by fragility and functional
loss functions, which were used in a flood simu-
lation with a 500 year return period. The detailed
quantification and computer-supported model used
to determine the damage state and functional losses
are described in Hackl et al. (2018b). For illustra-
tion purposes only three damage states were con-
sidered: s0 no damage - object is in a normal state;
s1 minor damage - some service can be provided;
and s3 major damage - no service can be provided;
The total costs Cn,i for intervention i ∈ I (n|s)
executed on object n in state s, were considered to
be the summation of the fixed costs (e.g. build-
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Table 1: Intervention types and associated recovery rate, resources and costs for bridge local scour.
State Intervention LOS
recovery




for bridges type [%] [h/el] [#rwc] [mu] [mu/el] [mu/(rwc ·h)]
s1 (minor) level 1 100 20 2 16,000 24,000 900
level 2 100 40 1 10,000 15,000 900
level 3 20 35 1 10,000 13,000 900
s2 (major) level 1 100 90 2 48,000 64,000 1200
level 2 100 160 1 30,000 40,000 1200
level 3 10 145 1 30,000 37,000 1200
for roads type [%] [h/m2] [#rwc] [mu] [mu/m2] [mu/(rwc ·h)]
s1 (minor) level 1 100 0.001 2 5250 22.00 500
level 2 100 0.003 1 3500 16.50 500
level 3 30 0.003 1 3500 14.50 500
s2 (major) level 1 100 0.006 2 14,400 110.00 700
level 2 100 0.012 1 9600 82.50 700
level 3 10 0.010 1 9600 78.50 700
el . . . affected elements of the bridge (e.g. pier(s), and/or abutment(s))
rwc . . . restoration work crews
mu . . . monetary unit (e.g. USD, EUR, CHF)
ing site facilities), the variable costs (e.g. mu/m2
pavement, mu/m3 concrete), and resource-related
costs (e.g. labor costs) to execute the intervention.
The terms fixed, and variable costs are used for
non-resource related material costs, where resource
costs are used to describe labor and construction
machinery cost of the restoration work crews.
These costs vary depending on the type of ob-
ject and the type of intervention. For each type of
object, three different intervention types are con-
sidered: level 1 interventions, level 2 interventions,
and level 3 interventions. Level 1 interventions re-
quire less time that level 2 interventions, but more
resources and additional costs. Level 2 interven-
tions restore the capabilities in a default way. Level
3 interventions require less time and costs than a
level 2 intervention. Both level 1 and level 2 in-
terventions restore objects so that they once again
provide the expected LOS, level 3 interventions do
not. The LOS recovery, durations, resources and
costs related to interventions of each type for road
sections and bridges are given in Table 1.
Travel time costs are estimated as the increased
amount of time that people spend traveling. They
are linked directly to the flow on an edge, due to
the cost-flow relationship CTe where cost is han-
dled in terms of travel time per unit distance de
Dios Ortuozar and Willumsen (2011). The cost-
flow relationship used is the function proposed by
the Bureau of Public Roads Bureau of Public Roads
(1964):










where te,t is the travel time at edge e in period t
given the traffic flow xe,t , t0e is the free flow travel
time, ye,t the edge capacity, and α and β are pa-
rameters for calibration, typical chosen as α = 0.15
and β = 4. Based on the work of the Swiss Associ-
ation of Road and Transport Experts VSS (2009),
it was was assumed that one hour of travel time
can be estimated with 23.02 mu/hour for cars and
130.96 mu/hour for trucks. The costs due to a loss
in connectivity are estimated based on the unsat-
isfied demand per time period t and the resulting
costs due to a loss of labour productivity. Based on
the data from the Federal Statistical Office Reutter
and Bläuer Herrmann (2016), the labor productivity
per hour worked was assumed to be 83.27 mu/hour.
In order to estimate the optimal restoration pro-
gram, different assumptions were made, includ-
ing the number of restoration work crews avail-
able (#rwc = 3), the considered time intervals (∆t =
4hour), the working hours per day (8 hour), and
the weighting factor for indirect costs (γ = 1).
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The considered scenario had a budget constraint of
10 millionmu, and it was assumed, that the second
restoration work crew (resource B) was not avail-
able in the first four days, while restoration work
crew three (resource C) was not available between
the 10th and the 15th day of the restoration program.
Due to the complexity of the problem and the ex-
tensive solution space, it is not possible to solve this
mathematical model exactly by analytics or an ex-
haustive search. In order to evaluate the obtained
results, a comparison between the proposed model
and a (standard practice) benchmark model was
made.
The traditional methods to develop restoration
programs are mostly heuristic and based on subjec-
tive ranking and priority rules developed by domain
experts. These prioritization rules can be based ei-
ther on economic or engineering criteria, such as
structure vulnerability, road class, traffic volume,
and various socioeconomic factors. For example
Buckle et al. (2006) prioritize road object based
on expected damage ranks, where the object with
the highest damage or functional loss are given the
highest priority for restoration. Because this rank-
ing does not account for the importance of the ob-
ject in the network, Miller (2014) proposed prioriti-
zation based on the average daily traffic volume for
each object under normal conditions, as a bench-
mark model. Since this model does not account for
disconnected parts of the network, a modified ver-
sion was implemented as the benchmark:
1. sorting the objects based on their average daily
traffic volume under normal conditions,
2. restoring objects that cause a loss of connec-
tivity,
3. restoring the remaining objects;
For illustration purposes, Figure 2 presents only
the results of one scenario (which corresponds to
the scenario shown in Figure 1). Figures 2a and
2b show performance-based resilience curves of the
system, with the ordinate representing the loss of
service and the abscissa the time after the hazard
event. In this example, it was assumed that the LOS
for the system was determined by (a) the tempo-
ral prolongation of travel and (b) the loss in con-
nectivity, so two resistance curves were obtained.
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(c) Accumulated indirect costs
Near-optimal result
Benchmark model
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Figure 2: Results for one scenario. Comparing the near
optimal results with the benchmark model.
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The areas above the curves are directly proportional
to the indirect costs of the optimization problem,
but the shape of the curves depends on the cho-
sen restoration program and thus affects the direct
costs. Therefore, minimizing the area above the
curve (i.e., increasing the resilience of the system)
may not always be the best solution as the direct
costs may be disproportionately high.
Figure 2 shows the results of the optimized
restoration program in green, while the results of
the benchmark model are shown in red. Since the
benchmark model prioritizes objects that cause a
loss of connectivity, in this scenario objects were
first fixed that connect the village Haldenstein with
the rest of the network. Without explicitly speci-
fying this constraint in the optimization model, the
proposed restoration program also fixes these ob-
jects first, so that both models restore the connec-
tion loss as quickly as possible (here after 15 days),
as shown in Figure 2b. However, since the bench-
mark model does not take into account the traf-
fic flow and the associated complexity (e.g., ca-
pacity overruns), the resilience of the network is
worse than it could be (with the same investment in
restoration), as shown in Figure 2a. In other words,
the resilience of the system depends not only on the
money and resources invested but also on the de-
cisions as to how and when the objects should be
restored.
Figures 2c and 2d show the costs associated with
the hazard event. Due to the high cost of missing
a trip, the accumulated indirect costs initially in-
crease faster until the objects causing the loss of
connection are repaired. After that, only the costs
for the temporal prolongation are added. Thereby,
the slope of the benchmark model is greater than
that of the optimized restoration program. At the
end of the restoration period (here 40 days), the
cumulative indirect costs for the benchmark model
amount to 5,296,760 mu, while the estimated in-
direct costs for the optimized program amount to
4,199,330 mu, i.e., 1,097,430 mu could be saved
through intelligent planning of the restoration se-
quence. In order to allow a direct comparison be-
tween the different resilience curves and the associ-
ated indirect costs, it was assumed that the same
strategies were used in the benchmark model as
in the optimized results, as there is generally no
description of the type of interventions of such a
benchmark model. I.e., the total direct costs for the
scenario were 3,735,850 mu in both cases, only the
order of the interventions was different, as shown
in Figure 2d.
Finally, Figure 2e shows the detailed restoration
programs for the scenario. Above is the program
that provides the near-optimal solution, while be-
low is the result of the benchmark model. As men-
tioned above, the same intervention types were used
for both approaches, so that only the position of the
interventions and not the length or type is different.
CONCLUSIONS
Coping with the resilience of infrastructure systems
is important in order to be prepared for disruptive
events such as natural hazards. It is essential to
understand how and in what order damaged infras-
tructure objects should be restored so that they can
provide adequate service again. Infrastructure man-
agers making such decisions must also take into ac-
count other constraints such as available funds, per-
sonnel, available resources, and any external con-
straints, e.g. which objects on which roads should
have priority.
In this work, a mathematical optimization model
was used to determine a near-optimal restoration
program that considers different objects in differ-
ent states of damage, different intervention strate-
gies per object, budget and resource constraints,
as well as direct and indirect costs, last caused by
diverging traffic flows through the restoration pro-
cess. The approach was demonstrated by using it to
determine the near-optimal restoration program for
a real-world road network in Switzerland following
the occurrence of an extreme flood event.
In comparison to a classical restoration model, it
was shown that minimizing the area above the re-
silience curve (i.e., increasing the resilience of the
system) is not always the best solution, since the di-
rect costs can be disproportionately high. In addi-
tion, it was shown that the resilience of the system
depends not only on the money and resources in-
vested but also on the decisions on how and when
to restore the objects.
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